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Mapping nutrition and health data in conflict-aﬀected 
countries
The use of spatial data and mapping has a long history in 
helping understand public health problems and design 
interventions.1 Today, the ready availability of satellite 
imagery and online data, together with the increasing 
accessibility of geographic information system GIS 
software is enabling rapid innovation and progress. 
The arrival of spatial analysis in human nutrition 
research and practice has, arguably, occurred relatively 
recently. However, recent advances include the spatial 
analysis of acute malnutrition in children,2 haemoglobin 
concentration and anaemia,3 iodine status and its 
association with ground water concentration,4,5 and the 
mapping of risk factors for obesity.6
In humanitarian emergencies, the mapping of 
indicators for public health and nutrition is a common 
practice and essential to eﬃciently identify needs and 
target resources during a relief eﬀort. One example is 
the use of mapping protocols by the Integrated Food 
Security Phase Classification system for categorisation 
of food-related crises and malnutrition.7,8 Work by 
volunteer-powered organisations such as Missing Maps 
is facilitating the availability of updated maps from 
remote and inaccessible areas, and The Humanitarian 
Data Exchange is promoting the sharing of inter operable 
data. Maps are increasingly becoming the common 
vehicle for bringing together and understanding 
disparate sets of data.
The paper by Nadia Askeer and colleagues9 contributes 
to the scientific literature on the spatial analysis of 
nutrition by modelling the distribution of malnutrition, 
in young children and women, in the conflict-aﬀected 
country of Afghanistan. Using data from a 2013 
nationwide survey, they applied Bayesian methods 
to generate small area statistics that allowed for the 
complete mapping of all districts in Afghanistan, 
including districts for which there were no available 
survey data. 
Maps are undoubtedly a powerful way to analyse, 
understand, and present data on public health. 
However, some caution is required when interpreting 
and using maps. Data can be presented on thematic 
maps in diﬀerent ways, including the commonly used 
choropleth maps (such as those used in Askeer and 
colleagues’ study), in which a defined area, such as an 
administrative district, is shaded or patterned to indicate 
a certain value. The advantage of the choropleth map 
is its simplicity for both analysis and interpretation. 
However, the stark colour diﬀerences that may appear 
between neighbouring areas on maps with this 
approach may be misleading and may potentially result 
in the presentation of an ecological fallacy—for example, 
by averaging malnutrition prevalence from diﬀerent 
livelihood groups within the same administrative area 
of the map.
One of the alternatives ways of presenting survey 
data is the mapping of datapoints as dots, rather than 
modelling the expected value across a wider area. Dot 
maps are the most direct representation for many types 
of data, but they can be diﬃcult to interpret and draw 
conclusions from.
However the data are presented, the hazards of 
extrapolating findings to areas where there are no 
data available need to be borne in mind. Public 
health practitioners are generally familiar with 
the use of confidence intervals to understand the 
precision of data used to make decisions. With maps, 
there is currently no commonly adopted visual 
communication protocol to indicate the precision of 
an estimate for a certain area; cartographic innovation 
is needed.
Whichever statistical approach is used to smooth over 
data gaps and allow a map to be presented as complete, 
the extent of data coverage needs to be acknowledged. 
The authors of the current study follow good practice 
by presenting, in the web annex, a map indicating the 
geographic areas where data were available and where 
they were not. 
Conflict can aﬀect the nutritional status of populations 
via diﬀerent pathways. Recent work10 has tried to isolate 
the eﬀect of conflict by use of GIS approaches similar to 
those used in the study by Askeer and colleagues.9 The 
current paper is another step forwards in the use of 
spatial epidemiology and mapping to enhance a shared 
understanding of who, where, when, and how people 
are aﬀected by the nutritional consequences of poverty 
and conflict.
For more on the Humanitarian 
Data Exchange see https://data.
humdata.org/
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